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? RedgeX: Resource-Tailored Intelligence at the Edge

Meta-learning-based analytical-model generation for programmable edge devices

How can one analytical task adapt to edge devices

with very different resources?
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@ SDN-enabled RedgeX Controller
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Generates resource -tailored analytical model

HIGHLIGHTS OF THE PAPER

META-LEARNING MODEL GENERATION

RedgeX uses task features, edge-resource
states and performance data to generate
a suitable analytical model.

GLOBAL-STATUS EDGE CONTROL

An SDN-enabled controller maintains an
updated view of CPU, RAM and storage
across edge devices.
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DR A0 RESOURCE-AWARE CODE DEPLOYMENT
Original code is installed when resources
are sufficient; optimized code K’ is

generated and deployed when resources

RedgeX
optimization

B

are constrained.

K’ EDGE DEVICE EXPERIMENTAL FINDINGS
Resource-Tailored | DEPLOYMENT SENSOR NODE RedgeX reduces task-execution latency
Code (Optimized) |  (Install K) g by 20-27%. The reported average gap
Task —p @ — between original and optimized code
{Sk, Ci} metrics is 60.6% with Linear Regression
Bl saaifiea ok and 61.1% with k-NN.
using K'
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\ J and three Industrial loT tasks.
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@ IEEE Why One Analytical Model Does Not Fit Every Edge Device 2 |

Different devices have different processing, memory and storage limits
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/EE Research Annotation: RedgeX changes the task code to fit the selected edge device. J

Larger tasks and slower
edge CPUs require more
execution time.

scale across heterogeneous
edge networks. |

The problem is not only where to run a task, but also which version of the task should run there.
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Global resource awareness and programmable task deployment
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(529 RedgeX combines edge-node selection with task-code adaptation and remote reprogramming.

@ Global State

Storage The controller periodically
E ' collects resource information
— from all edge devices to

support deployment and
offloading decisions.
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From Original Code to a Resource-Tailored Edge Task
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Meta-learning selects how the analytical task should be optimized ‘ »
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RESEARCH ANNOTATION: The meta-learning system learns which code-Ottimization choices work best for
different task and device configurations.




What the RedgeX Experiments Show _

Original code versus resource-optimized edge tasks 7
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Current Evaluation Scope RedgeX dynamically generates resource-tailored analytical tasks,
The evaluation uses five — ton ina ed e _ g . .
= proving edge-resource utilization and reducing task-execution latency.

loT tasks. Real-life loT
edge deployment is
future work.

edge devices and three /e\

Smart Homes Industrial loT  Autonomous Vehicles

Future work: Deploy and evaluate RedgeX in a real-life loT edge environment.

L Py

@ Observe the resources. Optimize the code. Deploy the right analytical task.



